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(57) ABSTRACT

The present invention provides method and apparatus for
object classifier generation, and method and apparatus for
detecting object in image. The method for generating a two-
cell structure feature descriptor of a two-cell structure com-
posed of a center cell and a neighbor cell in an image region,
wherein the neighbor cell is one of eight cells around and
adjacent to the center cell, the method comprising: calculat-
ing step for calculating statistics of gradients in the center cell
and the neighbor cell respectively; and comparing step for
comparing the calculated statistics of gradients in the center
cell and the neighbor cell, so as to obtain a two-cell structure
feature descriptor for describing the feature of the two-cell
structure, and

wherein the two-cell structure feature descriptor is one bit
binary value.

20 Claims, 8 Drawing Sheets
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1
METHOD AND APPARATUS FOR OBJECT
CLASSIFIER GENERATION, AND METHOD
AND APPARATUS FOR DETECTING OBJECT
IN IMAGE

This application claims priority from Chinese patent appli-
cation number CN201210085214.4 of Mar. 28, 2012, which
is incorporated by reference herein in its entirety

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention generally relates to image detection.
In particular, the present invention relates to method and
apparatus for object classifier generation, and further relates
to method and apparatus for detecting an object in an image.

2. Description of the Related Art

Object detection for an image, such as, human detection,
has very important applications in video surveillance, con-
tent-based image/video retrieval, video annotation, and
assisted living. There is a vast literature on techniques of
human detection. Most of them focus on the generation of a
classifier, which is substantially essential and critical for
object detection. Generally, a classifier usually relates to one
kind of object and is used for detecting whether such kind of
object exists in an image to be detected.

One thread, among the successful approaches, has been to
build on the pioneering work of Viola and Jones for face
detection [Document 1]. In Document 1, Haar-like features
are calculated via the integral image and a novel cascade
structure of classifiers is learned by Adaboost. Adaboost is
well known in the art and provides an effective learning
process and strong bounds on generalized performance
[Document 6]. Such learning-based methods have come to be
dominant currently; key issues here are the features and the
learning algorithms that are used.

In 2005, Dalal proposed the normalized histogram of ori-
ented gradients (HOG) descriptor for human detection
[Document 2], as shown in FIG. 1A, which illustrates histo-
gram of oriented gradients in the prior art as described in
Document 2. Each detection window is divided into cells
having a size of 8*8 pixels and each group of 2*2 cells is
integrated into a block, so blocks overlap with each other.
Each cell consists of a 9-bin HOG and each block contains a
concatenated vector of all its cells. Each block is thus repre-
sented by a 36-D feature vector that is normalized to an [.2
unit length. Each 64*128 sample image is represented by
7*15 blocks, giving a total of 3780 features per detection
window, which is usually expressed as a feature vector
f=[...,...,...]. These features are then used to train a linear
SVM classifier. An overview of the method disclosed in
Document 2 is shown in FIG. 1B. The HOG features give very
good performance for human detection.

In 2006, Zhu calculated the HOG features via integral
images and integrated the cascade structure classifier to speed
up the method disclosed in Document 2 [Document 3]. The
36-D block feature vector is normalized to a L1 unit length
and then used to build a SVM weaker classifier. The frame-
work of the method disclosed in Document 3 is shown in FIG.
1C. The method disclosed in Document greatly improves the
detection speed while maintaining an accuracy level similar
to the method disclosed in Document 3.

However in both methods disclosed in Document 2 and
Document 3, a local contrast normalization step within each
block of HOG is critical for good performance. However,
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many division operations in the normalization step will sig-
nificantly increase the computation overhead, especially for
the embedding system.

Recently, some comparison features are proposed for
human detection such as Associated Pairing Comparison Fea-
tures (APCF) [Document 4] and Joint Ranking of Granules
Features (JROG) [Document 5].

In Document 4, APCF is based on simple pairing compari-
son of color and gradient orientation in granular space which
is called PCC and PCG respectively, and several PCC or PCG
features are associated to form an APCF feature. APCF fea-
tures are then used to build a cascade structure classifier, as
shown in FIG. 1D, in which the left portion illustrates pairing
comparison of color, and the right portion illustrates pairing
comparison of gradient. Due to rich pairs of granules in the
granular space such simple APCF features achieve more
accurate detection results than the method disclosed in Docu-
ment 3. The detection speed is similar to the method disclosed
in Document 3.

JROG is a simplified form of APCF features. In Document
5, JROG features are used to build a full body detector and
several part detectors to keep a high detection accuracy which
may decrease due to the simplification of JROG. Eventually,
the method disclosed in Document 5 achieves comparable
detection accuracy and higher efficiency than the method
disclosed in Document 4. The overview of both methods
disclosed in Documents 4 and 5 can be illustrated as FIG. 1E.

One advantage of above assembled binary comparison fea-
tures is their simplicity in form. No normalization step is
required during calculation. Another advantage is that abun-
dant granules encode richer information than other features
such as Haar-like features. However their comparisons are
between granular intensities or granular gradient orienta-
tions, instead of the statistics of gradients within image
patches (for example, in a form of HOG). From the relatively
successful performance of HOG we can see that the statistics
of gradients within image patches are very discriminative for
human detection. At the same time, since a granule is usually
apixel orhas a square shape, the width and height ofa granule
are the same, which limits the ability to find useful patterns.

In view of the above, there still needs a method and appa-
ratus capable of obtaining a more discriminative feature with
higher computation speed.

Furthermore, there still need a method and apparatus
capable of efficiently and accurately detecting object in an
image.

[Cited Documents]

1. P. Viola and M. Jones. Rapid object detection using a
boosted cascade of simple features. IEEE CVPR, 2001.

2.N. Dalal and B. Triggs. Histograms of oriented gradients
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ated pairing comparison features for pedestrian detection.
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5. C. Huang, R. Nevatia. High performance object detec-
tion by collaborative learning of joint ranking of granules
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zation of on-line learning and an application to boosting.
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SUMMARY OF THE INVENTION

The present invention aims to solve the problems as
described above. An object of the present invention is to
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provide a method and apparatus capable of obtaining a more
discriminative feature with higher computation speed.

Furthermore, another object of the present invention is to
provide a method and apparatus capable of efficiently and
accurately obtaining an object classifier for image detection.

Moreover, still another object of the present invention is to
provide a method and apparatus capable of efficiently and
accurately detecting object in an image.

According to one prospect of the present invention, there
provides a method for generating a two-cell structure feature
descriptor of a two-cell structure composed of a center cell
and a neighbor cell in an image region, wherein the neighbor
cell is one of eight cells around and adjacent to the center cell,
the method comprising: calculating step for calculating sta-
tistics of gradients in the center cell and the neighbor cell
respectively; and comparing step for comparing the calcu-
lated statistics of gradients in the center cell and the neighbor
cell, so as to obtain a two-cell structure feature descriptor for
describing the feature of the two-cell structure, and wherein
the two-cell structure feature descriptor is one bit binary
value.

According to another prospect of the present invention,
there provides a method for generating an object classifier for
at least one image region, wherein each image region in the at
least one image region includes at least one two-cell struc-
tures, and each two-cell structure is composed of a center cell
and a neighbor cell which is one of eight cells around and
adjacent to the center cell, the method comprising: feature
space calculating step for calculating a feature space by
applying the above described method according to the one
prospect of the present invention to each of the at least one
two-cell structure included in each of the at least one image
region; and generating step for generating the object classifier
based on the determined feature space.

According to still another prospect of the present invention,
there provides a method for identifying object in an image
region, comprising: input step for inputting an image region
to be identified; identifying step for identifying whether there
exists an object to be identified in the image region by apply-
ing the classifier generated by the above described method
according to another prospect of the present invention.

According to still another prospect of the present invention,
there provides an apparatus for generating a two-cell structure
feature descriptor of a two-cell structure composed of a center
cell and a neighbor cell in an image region, wherein the
neighbor cell is one of eight cells around and adjacent to the
center cell, the apparatus comprising: calculating unit config-
ured to calculate statistics of gradients in the center cell and
the neighbor cell respectively; and comparing unit configured
to compare the calculated statistics of gradients in the center
cell and the neighbor cell, so as to obtain a two-cell structure
feature descriptor for describing the feature of the two-cell
structure, and wherein the two-cell structure feature descrip-
tor is one bit binary value.

According to still another prospect of the present invention,
there provides an apparatus for generating an object classifier
for at least one image region, wherein each image region in
the at least one image region includes at least one two-cell
structures, and each two-cell structure is composed of a center
cell and a neighbor cell which is one of eight cells around and
adjacent to the center cell, the apparatus comprising: feature
space calculating unit configured to calculate a feature space
by applying the above described apparatus according to the
still another prospect of the present invention to each of the at
least one two-cell structure included in each of the atleast one
image region; and generating unit configured to generate the
object classifier based on the determined feature space.
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According to still another prospect of the present invention,
there provides an apparatus for identifying object in an image
region, comprising: input unit configured to input an image
region to be identified; identifying unit configured to identify
whether there exists an object to be identified in the image
region by applying the classifier generated by the above
described apparatus according to still another prospect of the
present invention.

[Advantageous Eftect]

By utilizing both the statistics of gradients in a cell space
and rich elements therein, the method and apparatus accord-
ing to the present invention obtains a discrete value with
highest discrimination with a higher computation speed,
compared with the prior art.

Furthermore, based on such obtained feature, the method
and apparatus according to the present invention obtains an
object classifier more accurately without reducing efficiency.

Moreover, the present invention can more accurately and
efficiently make object detection, such as, human object, for
an image.

Further characteristic features and advantages of the
present invention will be apparent from the following descrip-
tion with reference to the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings, which are incorporated in
and constitute a part of the specification, illustrate embodi-
ments of the invention and, together with the description,
serve to explain the principles of the invention. In the figures,
similar reference numerals are used for denoting similar
items.

FIG. 1A to 1E illustrate some techniques in the prior art.
More specifically, wherein FIG. 1A illustrates histogram of
oriented gradients in the prior art as described in Document 1,
FIG. 1B illustrates overview of the method disclosed in Docu-
ment 2, FIG. 1C illustrates overview of the method disclosed
in Document 3, FIG. 1D illustrates simple pairing compari-
son of color and gradient orientation in granular space in the
prior art, wherein the left portion illustrates pairing compari-
son of color, and the right portion illustrates pairing compari-
son of gradient, FIG. 1E illustrates overview of the method
disclosed in Documents 4 and 5.

FIG. 2 is a block diagram illustrating an arrangement of a
computing device for implementing an apparatus for deter-
mining average character width of a character set.

FIG. 3A is a flow chart illustrating the method according to
the first embodiment of the present invention, and FIG. 3B
shows several two-cell structures.

FIG. 41is ablock view illustrating an apparatus according to
the first embodiment of the present invention.

FIG. 5 is a flow chart illustrating a training process.

FIG. 6 shows an LUT weak classifier.

FIG. 7 is a flow chart illustrating the method according to
the second embodiment of the present invention.

FIG. 8 shows an example of the feature obtained by the
method according to the second embodiment of the present
invention.

FIG. 9 is flow chart illustrating process in the determining
step in the method according to the second embodiment of the
present invention.

FIG. 10A shows several exemplary two-cell structures and
FIG. 10B shows several exemplary three-cell structures.

FIG. 11 shows a block view illustrating an apparatus
according to the second embodiment of the present invention.

FIG. 12 is a flow chart illustrating the method according to
the third embodiment of the present invention.
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FIG. 13 is a flow chart illustrating the process in the iden-
tifying step.

FIG. 14 is a block view illustrating an apparatus according
to the third embodiment of the present invention.

DESCRIPTION OF THE EMBODIMENTS

Embodiments of the present invention will be described in
detail below with reference to the drawings.

To more clarify the description, some terms to be used
hereinafter will be explained firstly.

A cell in an image region means an image patch included in
the image region which may include a plurality of image
patches. A cell is composed of at least one pixels, and may be
several kinds of shape, such as square, rectangle when it is
composed of more than one pixels. The length and width of'a
cell are expressed in number of pixels, and may the same (for
example, square) or different (for example, rectangle).

FIG. 2 is a block diagram illustrating the arrangement of a
computing device for implementing the apparatus for object
classifier generation as well as the apparatus for detecting
object in an image according to the present invention. For the
sake of simplicity, the apparatus is shown to be built in a
single computing device. However, the apparatus is effective
regardless of whether the apparatus is built in a single com-
puting device or is built in a plurality of computing devices as
a network system.

As shown in FIG. 2, a computing device 100 is used for
implementing the process of generating object classifier as
well as the process of detecting object in an image. The
computing device 100 may comprise a CPU 101, a chip set
102, aRAM 103, a storage controller 104, a display controller
105, a hard disk drive 106, a CD-ROM drive 107, and a
display 108. The computing device 100 may also comprise a
signal line 111 that is connected between the CPU 101 and the
chip set 102, a signal line 112 that is connected between the
chip set 102 and the RAM 103, a peripheral device bus 113
that is connected between the chip set 102 and various periph-
eral devices, a signal line 114 that is connected between the
storage controller 104 and the hard disk drive 106, a signal
line 115 that is connected between the storage controller 104
and the CD-ROM drive 107, and a signal line 116 that is
connected between the display controller 105 and the display
108.

A client 120 may be connected to the computing device
100 directly or via a network 130. The client 120 may, for
example, send instructions and/or parameters required by the
process of generating object classifier as well as the process of
detecting object in an image to the computing device 100, and
the computing device 100 may return information to the client
120 or display information on the display 108.

The present invention generally relates to image detection,
such as detection of an object in an image region, which is
commonly learning-based object detection, and where train-
ing and detecting are two main procedures in the above
framework. Commonly, a classifier is trained by using a large
sample set including positive (having object) and negative
(without object) samples. The training is a one-time process.
Then in the detecting procedure, the trained classifier is used
to determine whether a test image includes an object or not.

Inthe implementation of the present invention, training and
detecting procedures all are performed based on the determi-
nation of features of a respective corresponding image region
(hereinafter to be referred as LAB HOG feature). The deter-
mination of the LAB HOG feature utilizes both the discrimi-
nation of HOG and the simplicity of comparison features, and
is based on cells included in the image region.
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Hereinafter, the respective procedures in the implement of
the present invention will be described.

[First Embodiment]

Hereinafter, the method according to the first embodiment
of the present invention for determining a two-cell structure
feature descriptor in an image region will be described with
reference to FIG. 3A and FIG. 3B, where FIG. 3A illustrates
the flowchart of the process of the method according to the
first embodiment of the present invention, and FIG. 3B shows
several exemplary two-cell structure patterns.

In the implementation of the present invention, as a funda-
mental and inventive process of the determination of LAB
HOG feature, a two-cell structure feature descriptor of a
two-cell structure composed of a center cell and a neighbor
cell in an image region is determined, wherein the neighbor
cell is one of eight cells in the image region around and
adjacent to the center cell, as shown in FIG. 3B.

Please note that as a common case, the two cells, that is, the
center cell and the neighbour cell, may have the same shape
and size, that is, length and width of a cell may be the same as
that of the other cell. Alternatively, the two cells may have the
same width-to-length ratio. Of course, the two cells may have
the different width-to-length ratio, which will help to find
more discriminative feature.

In step S301 (hereinafter to be referred as calculating step)
of'the method according to the first embodiment of the present
invention, statistics of gradients in the center cell and the
neighbor cell are calculated respectively.

In step S302 (hereinafter to be referred as comparing step)
of'the method according to the first embodiment of the present
invention, the calculated statistics of gradients in the center
cell and the neighbor cell in the calculating step are com-
pared, so as to obtain a two-cell structure feature descriptor
for describing the feature of the two-cell structure.

The statistics of gradients is a value of a bin in the histo-
gram of oriented gradients calculated in a cell, and the result
of a comparison is a one-bit binary value. Therefore, the
two-cell structure feature descriptor may be represented by a
one bit binary value.

More specifically, for a bin, the two-cell structure descrip-
tor will be calculated as follows.

1, if Bin,[dirl] > Bin[dir0]
Feature = i
0, otherwise

Where Bin [dir0] and Bin, [dir]] means the calculated sta-
tistics of gradients of a useful bin of the center and neighbor
cell respectively, and dirl and dirQ means the useful bin index
of HOG respectively. Please note that dirl and dirO usually
refer to the same bin.

Actually, since the HOG usually comprises several bins,
the comparison between two cells may be performed with
respect to each bin and then obtain several one-bit binary
values, each corresponding to one bin, and each of the one-bit
binary values represents the feature of the two-cell structure.
Therefore, all the two-cell structure features constitute a two-
cell structure feature space of the two-cell structure.

FIG. 4 illustrates a apparatus for generating a two-cell
structure descriptor of a two-cell structure in an image region
according to the first embodiment of the present invention,
wherein the two-cell structure is composed of a center cell
and a neighbor cell in the image region, wherein the neighbor
cell is one of eight cells around and adjacent to the center cell
in the image region.
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The apparatus 400 may comprises a calculating unit 401
configured to calculate statistics of gradients in the center cell
and the neighbor cell respectively, and a comparing unit 402
configured to compare the calculated statistics of gradients in
the center cell and the neighbor cell, so as to obtain a two-cell
structure feature descriptor for describing the feature of the
two-cell structure.

[Good Effect]

Since the method according to the first embodiment of the
present invention utilizes both of the discrimination of HOG
the simplicity of comparison features, without normalization,
the computation speed is improved, the obtained feature
would be a discrete value, and the accuracy and discrimina-
tion would be improved.

In a prefer implementation, the normalizationis not used in
the process of the method. However, since the method utilized
both of the discrimination of HOG the simplicity of compari-
son features, the effect of the method would not be substan-
tially influenced adversely even if the normalization is added.

[Second Embodiment]

As described in the above, classifier is substantially essen-
tial and is critical for the performance of the image object
detection, and the generation of the classifier is also critical
for the performance of the image object detection.

The classifier is usually trained by using a large sample set
including positive (object) and negative (non-object)
samples, each sample may correspond to one image region or
one part of an image region. Therefore, the classifier also can
be deemed as being trained by using a large set of image
regions. The training is a one-time process. There exist many
techniques to train a classifier and many kinds of classifier.
One common classifier is a cascade structure classifier, and
the cascade structure classifier comprises at least one stage
and each stage corresponds to a strong classifier composed of
a set of weak classifier. Please note that although both of
“image” and “image region” is used in the context of the
description, they usually may be equivalent to each other,
unless stated otherwise.

Hereinafter an overview of training process of a classifier
will be described with reference to FIG. 5, which illustrates
training of a stage of a cascade classifier. In the training
procedure a cascade structure classifier is trained by Ada-
boost. Adaboost provides an effective learning process and
strong bounds on generalized performance. For each stage of
the cascade, a strong classifier composed of a set of weak
classifiers is constructed. During the construction of the
strong classifier, weak classifiers are continuously added until
apredetermined quality metric is met. The quality metric is in
the terms of a detection rate and a false positive rate.

In step 501, a new stage is added into the cascade classifier.

In Step 502, positive and negative samples (for example, at
least one image region, usually, a plurality of image regions)
for the training of the coming new stage are prepared. A
training schema called bootstrap, which is well known in the
art, is applied for negative samples collecting. A set of non-
object images are regarded as the source of the negative
samples. After the training procedure of each stage, the cas-
cade classifier is evaluated over the whole image set, and any
positive predicts, which are considered as false positives
(“FPs”), are collected to form the negative training set to train
the next stage strong classifier. Please note that the positive
and negative samples usually are not varied during the pro-
cess for the stage, and the number of positive and negative
samples in a stage is usually different from that in another
stage.

In step 503, a weak classifier is trained based on a feature
space of the training images. One common type of weak
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classifier is a Look-Up-Table (LUT) type weak classifier, and
the LUT weak classifier is a piece-wise function which
divides the feature space into several bins and output a con-
stant value for each bin as shown in FIG. 6. The abscissa f(x)
represents the bin in the feature space and the ordinate h(x)
represents real value confidence. The sign of h(x) gives the
classification and |h(x)l a measure of the “confidence” in
prediction.

In step 504, the threshold of this stage is decided. More
specifically, an initial value is set and then decreased until the
target detection rate d,,,,,, is met. Then, the latest value is set as
the threshold T and the false positive rate f under this thresh-
old in current stage is evaluated.

In step 505, the evaluated false positive rate f'is compared
with the maximum acceptable false positive rate per stage
£, If fis less than f,, . the training of current stage will be
accomplished, otherwise, another weak classifier is to be
added into this stage, that is, the process in steps S503 to S504
is repeated until the false positive rate f'in current stage is less
thenf, ..

In step 506, when the training of current stage is accom-
plished, we compare the whole false positive rate F of current
cascade classifler with the target false positive rate F,.. I F is
less than F,, the whole training procedure is accomplished,
otherwise, a new stage is to be added into the cascade classi-
fier. Then the processes in steps S502 to S505 are repeated,
until F is less than F,,. When the whole training procedure is
accomplished, a strong classifier in this stage is obtained.

Finally, all the previously trained stage strong classifiers
constitute the final cascade classifier and the cascade classi-
fier is output for future use, in step 507.

During the training of a weak classifier, the feature space
from at least one training image serves as a basis of the
training and thus is critical for the performance of the weak
classifier as well as the final cascade classifier. More specifi-
cally, the accuracy and efficiency of obtaining of the feature
space is important for the accuracy and efficiency of training
of a weak classifier.

Inthe present invention, there provides a method according
to the second embodiment of the present invention for the
training of a weak classifier, which utilizes a method accord-
ing to the first embodiment of the present invention so that the
feature space is accurately and efficiently obtained. More
specifically, in the implementation of the present invention,
each of the at least one training image is divided into a
plurality of cells and thus at least one two-cell structures are
obtained. Then, the method according to the first embodiment
of the present invention is applied to each two-cell structure
so that a two-cell structure feature space for the at least one
training image is obtained. Based on the feature space, a
corresponding object classifier (weak classifier) is obtained,
and based on the similar process, at least one weak classifier
required for a stage can be obtained so as to form a strong
classifier for the current stage in the cascade classifier, and
thus the final cascade classifier with at least one stage can be
formed by at least one strong classifier in each stage.

Hereinafter, the classifier generation method according to
the second embodiment of the present invention will be
described with reference to FIG. 7.

FIG. 71s aflow chart illustrating a method for generating an
object classifier for at least one image region used for training,
wherein each image region includes at least one two-cell
structures, and each two-cell structure is composed of a center
cell and a neighbor cell which is one of eight cells around and
adjacent to the center cell.

In step S701 of the method (hereinafter to be referred to as
feature space calculating step), the feature space for the at
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least one image region is calculated by applying the method
according to the first embodiment of the present invention to
each of the at least one two-cell structure included in the at
least one image region used for training. The feature space is
composed of a plurality of two-cell structure feature descrip-
tors obtained from the at least one two-cell structure included
in the image region.

The at least one two-cell structures usually constitute a
two-cell structure space which is obtained by enumerating all
two-cell structures, as shown in FIG. 10A.

As described above, a two-cell structure feature descriptor
is obtained by comparing statistics of gradients in the center
cell and the neighbor cell. The statistics of gradients in each
cell is the value of one bin of the histogram of oriented
gradients (HOG) in this cell. This bin will be called the useful
bin therein, a vector: [w, h, X0, y0, dir0, x1, y1, dir1] is defined
for a 2-cell structure as its attribute information.

Where, w and h in this vector represent width and height of
acell respectively. The information of center cell is defined by
x0, y0 and dir0 which is x-coordinate, y-coordinate of left top
pixel and the useful bin index of HOG respectively. The
information of neighbor cell is defined by x1, y1, dirl in a
same manner.

Although in the above expression, only one w and one h is
used to represent the width an height of each cell in a two-cell
structure, which means that the width and length of a cell may
be the same as that of the other cell, it is only an example, and
the width and length of a cell may be different from that of the
other cell.

In step S702 (hereinafter to be referred to as generating
step) the object classifier is generated based on the calculated
feature space. The manner of generation the object classifier
from the specific-cell structure is not specifically limited, and
may be any common method in the art.

Since in the process of the method according the second
embodiment, the feature space of a training image is obtained
by utilizing the method according to the first embodiment of
the present and used for generation of an object classifier, the
method according to the second embodiment of the present
invention can accurately and efficiently obtain a more dis-
criminative feature space, thereby the performance of the
obtained classifier is improved, irrespective of the manner of
generation the object classifier from the feature space.

Conventionally, in the implementation of the generation
the object classifier from the feature space, an exhaustive
search method is used for the whole obtain feature space, such
as Haar-like features or HOG features, to find representative
feature structure for the weak classifier, which may have high
computation overhead and slow.

Due to the possible different cell positions, cell sizes and
cell structures, the complexity of the LAB HOG feature space
is combinatorial. Therefore the conventional exhaustive
search method used for Haar-like features or HOG features
cannot effectively applicable. Therefore, to further improve
generation of an object classifier from a feature space, the
method according to the second embodiment of the present
invention preferably employs a heuristic search procedure to
efficiently select at least one proper feature for the training of
a weak classifier in each round of Adaboost algorithm,
thereby obtain the weak object classifier.

In the implementation of the second embodiment, the gen-
erating step further comprises a determining step for deter-
mining at least one specific-cell structure feature for at least
one image region based on the calculated feature space
thereof using heuristic algorithm, wherein each specific-cell
structure feature is a N-bit binary value, N corresponding to
the number of two-cell structure feature descriptor constitut-
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ing the specific-cell structure feature and the value of each bit
in the N-bit binary value corresponding to one of N two-cell
structure feature descriptors included in the specific cell
structure, wherein N is larger than or equal to 1. The deter-
mined at least one specific-cell structure feature is used to
generate the object classifier. Please note that an object clas-
sifier (weak classifier) in the second embodiment according
to the present invention can be composed of one or more
specific-cell structure feature.

A specific cell structure feature may correspond to a spe-
cific cell structure, and in this case, N may correspond to the
number of two-cell structure feature constituting the specific-
cell structure, and the value of each bit in the N-bit binary
value corresponds to one of two-cell structures included in the
specific cell structure.

Please note that as described above, a specific-cell struc-
ture feature of image region can be obtained by directly
assembling two-cell structure feature descriptors included in
the feature space of the image region, and also can obtained
by firstly assembling the two-cell structures in the image
region to obtain a specific-cell structure and then calculating
the feature of specific-cell structure. Both of them are equiva-
lent.

In an example, a specific cell structure for an image region
can be obtained by assembling several two-cell structures in
the image region. In an instance, a specific cell structure of an
image region may be composed of two three-cell structures,
and each of the two three-cell structures may be composed of
two two-cell structures having the same center cell. The cen-
ter cells of the two three-cell structures may be the same or
different. In this case, the feature of the specific cell structure
will be a four-bit binary value.

Furthermore, the width-to-height ratios of cells in a three-
cell structure may be the same, but may be various values
which help to find more discriminative patterns.

An example of the determined specific cell structure of an
image region is shown in FIG. 8, and the generation of the
feature of the determined specific cell structure may be sum-
marized as follows. The statistics of gradients between neigh-
bor cell and center cell in each of two three-cell structures are
compared firstly. Then binary comparison results of two
three-cell structures are assembled to form a 4-bit LAB HOG
feature as the specific cell structure feature.

Please note that FIG. 8 is only a simplified example so as to
make the concept of the present invention clear, not limiting
the specific implementation of the method of the present
invention. The specific cell structure feature can be in any
other form.

Hereinafter, the processes of the determining step with
N=4 will be described in detail with reference to FIG. 9.

Instep S901 (hereinafter to be referred as two-cell structure
feature selecting step), a first number of two-cell structure
feature descriptors with low training error are selected from
the calculated feature space.

In step S902 (hereinafter to be referred as three-cell struc-
ture feature generating step) for generating a second number
of three-cell structure features with low training error from
the selected first number of two-cell structure feature descrip-
tors; and

In step S903 (hereinafter to be referred to as specific cell
structure feature determining step) for determining the spe-
cific-cell structure feature based on the second number of
three-cell structure features.

Hereinafter, process in each step will be described in detail.

In the process of two-cell structure feature selecting step
(S901), the two-cell structure feature descriptors constituting
the feature space are sorted in ascending order according to an
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specific error index, and the top N1 number (first number) of
features are selected as good features with low training error.
Since as described above, one two-cell structure may corre-
spond to several features depending on the number of bins in
HOG, the first number of features selected will correspond to
several two-cell structures.

The specific error index is determined with respect to the
feature space, and its generation manner usually relates to the
type of the classifier to be generated. In the LUT classifier
case, the error index is a normalization factor calculated cor-
responding to the LUT classifier.

The calculation of the normalization factor will be
described below.

In the implementation of the present invention, a LUT
weak classifier is built for each feature in the feature space.
The feature spaces of 2-cell, 3-cell and LAB HOG feature are
divided into 2, 4 and 16 bins respectively.

If current samples are (X,,y,), - . - , (X,,,5¥ ) Where y =1, 1
for negative and positive respectively, w,, is the weight of
sample x, where t indicates the weak classifier index in current
stage and the bin number of LUT is n, the build step can be
illustrated as follows:

For each bin, the sum of the weight of positive and negative
samples which belong to this bin respectively is calculated as
follows.

J_
Wi = Wy

ife=i" yi=t

where I=x1 and j=0, ... ,n
The output of h(x) on bin j is set as

1 (Wi +
h(x) = <1o| LT
2 W/ +e

where € is a small positive constant
Then, the normalization factor is calculated as

Z=2%" Wi wi,.
J

Therefore, the two-cell structure feature descriptors are
sort in ascending order according to normalization factor Z
and select the top N1 features as good features.

Inthe process ofthree-cell structure feature generating step
(8902), a three-cell structure feature calculating step may be
performed to calculate a three-cell structure feature from two
two-cell structure feature descriptors in the selected first
number of two-cell structure feature descriptors, the two two-
cell structure feature descriptors respectively corresponding
two two-cell structures different from each other with the
same center cell and different neighbor cell, so as to obtain a
plurality of three-cell structure features, wherein each of the
plurality of three-cell structure features is a two-bit binary
value, each bit corresponding to a two-cell structure feature
descriptor used for calculating the three-cell structure feature.
Then, the second number of three-cell structure features with
low training error are selected from the plurality of three-cell
structure features.

Since as described above, one two-cell structure may cor-
respond to several feature descriptors depending on the num-
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ber of bins in HOG, one two-cell structure feature descriptor
corresponds to one two-cell structure, and thus the combina-
tion of two two-cell structure feature descriptors actually may
be equivalent to combination of two two-cell structures, and
the generated three-cell structure feature may correspond to a
three-cell structure. Some typical thee-cell structure patterns
are shown in FIG. 10B.

Therefore, the three-cell structure feature calculating step
may be interpreted as including a two-cell structure combin-
ing step and a three-cell structure feature combining step,
wherein two-cell structure combining step aims to generate a
three-cell structure, from two-cell structures corresponding
to the first number of two-cell structure features, by combin-
ing a basic two-cell structure and an additional two-cell struc-
ture composed of the center cell of the basic two-cell structure
and an additional neighbor cell, the additional neighbour cell
is one of eight cells around and adjacent to the center cell in
the image region and is distinct from the neighbor cell in the
basic two-cell structure, and the three-cell structure feature
combining step combines, for each combined three-cell
structure, combing each of the two-cell structure descriptors
of the basic two-cell structure and each of the two-cell struc-
ture descriptors of the addition two-cell structure included in
the combined three-cell structure to obtain three-cell struc-
ture features, wherein each of the plurality of three-cell struc-
ture features is a two-bit binary value, each bit corresponding
to a two-cell structure descriptor of one of the basic two-cell
structure and a additional two-cell structure included in the
combined three-cell structure.

Specifically, a three-cell structure is obtained by combing
two two-cell structures with the same center cell and different
cell, one serving as a basic two-cell structure and the other
serving as an additional two-cell structure, and the two two-
cell structures usually may be different from each other, and
is defined by a vector: [w, h, x0, y0, dir0, x1, y1, dirl, X2, y2,
dir2], the meaning of the similar symbols therein is similar to
that for the 2-cell structure described above, wherein he infor-
mation, that is, X-coordinate, y-coordinate of left top pixel
and the useful bin index of HOG respectively, of the neighbor
cell in the additional two-cell structure is defined by x2, y2
and dir2.

Although in the above expression, only one w and one h is
used to represent the width an height of each cell in a three-
cell structure, which means that all the width and length of the
three cells may be the same, it is only an example, and the
width and length of three cell may be different from each
other.

Each three-cell feature is a two-bit value calculated by
combining the two one-bit binary value of the two two-cell
structure include in the three-cell structure. Detail calculation
is illustrated as follows:

1, if Bin,[dirl] > Bin [dir0]
birl = i

0, otherwise

1, if Bin,[dir2] > Bin:[dir0]
bir2 = i

0, otherwise

Feature = bir2 bitl

Where, bitl and bite2 represent a one-bit binary value of
one of the two-cell structure respectively.

All the thee-cell features can constitute a three-cell feature
space. Please note that two two-cell features constructing a
three-cell feature usually may be in the same image region,
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which means that two different two-cell feature structures
constructing a three-cell feature structure may also be in the
same image region.

Then, all the three-cell structure features are sorted in
ascending order according to an error index and the top N2
(second number) features are selected as good features with
low training error. Please note that the index therein may be
calculated in a similar manner with that of index for the
selecting a first number of two-cell structure feature descrip-
tors, except this index is calculated with respect to the three-
cell feature space.

For example, the error index may be a normalization factor
Z which is calculated as described above with respect to the
three-cell feature space. Therefore, the three-cell features are
sorted in ascending order according to normalization factor Z
and select the top N2 features as good features.

Please note that such interpretation for three-cell structure
feature calculating step only aims to clarify one manner of the
implementation of three-cell structure feature calculating
step, and the implementation of three-cell structure feature
calculating step is not so limited.

In the process of specific cell structure feature determining
step (8903), a three-cell structure feature combining step and
a select step may be performed, wherein the three-cell struc-
ture feature combining step combines any two three-cell
structure feature included in the second number of three-cell
structure features to obtain a plurality of combined cell struc-
ture features, wherein the feature of one combined cell struc-
ture feature is a four-bit binary value, each bit corresponding
to the two-cell structure feature descriptor of one of the two
two-cell structure feature descriptors included in one of the
corresponding two three-cell structure feature, and the select-
ing step selects a combined cell structure feature with lowest
training error from the plurality of combined cell structures as
the specific-cell structure feature. The combined two three-
cell structure features may not correspond to the same three-
cell structure. Of course, they may correspond to the same
three-cell structure.

More specifically, two of above second number of good
three-cell features are combined, and then each LAB HOG
feature is a 4-bit value calculated as follows:

, if Bini[dirl] > Binl[dir0]

1
0, otherwise

, if Bini[dir2] > Binl[dir0]

1
0, otherwise

1, if Bint[dirl] > Bin2[dir0]

0, otherwise

if Bin2[dir2] > Bin?[dir0]
otherwise

Feature = bitd bir3 bir2 birl

Where the Bin' and Bin® refer to two three-cell features
respectively. All the LAB HOG features constitute a LAB
HOG feature space.

The, the LAB HOG feature which has a lowest error index
is selected and the corresponding classifier (such as LUT
classifier) is selected as the obtained weak classifier.

Similarly, one three-cell structure may correspond to sev-
eral three-cell structure feature depending on the number of
bins in HOG, and thus the combination of two three-cell
structure feature descriptors actually may be equivalent to
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combination of two three-cell structures corresponding to the
two three-cell structure features respectively, so as to obtain a
specific-cell structure corresponding to the specific-cell
structure feature.

Please note that two three-cell features constructing a spe-
cific-cell feature may usually be in the same image region,
which means that two different three-cell feature structures
constructing a specific-cell feature structure may also be in
the same image region.

Please note that the specific error index therein may be
calculated in a similar manner with that of index for the
selecting a first number of two-cell structure feature descrip-
tors, except this index is calculated with respect to the three-
cell feature space.

For example, the error index may be a LAB HOG feature
normalization factor Z which is calculated as described above
with respect to the LAB HOG feature space. Therefore, the
LAB HOG features are sorted in ascending order according to
normalization factor Z and the feature with the lowest nor-
malization factor is selected as the specific-cell structure fea-
ture.

As the attribute information of the foregoing two-cell
structure and three-cell structure, the obtained specific-cell
structure corresponding to the specific-cell structure also
comprises attribute information, which may be in a vector
form or other form, comprise information on two-cell struc-
tures included in the specific-cell structure, and the informa-
tion on of a two-cell structure is the three-cell structure
including the two-cell structure, the position information of
the cells included in the two-cell structure, and the informa-
tion on the bin of the cells included in the two-cell structure in
which the histogram of oriented gradients is calculated.

Please note that the cells included in the specific-cell struc-
ture may have the same or different width-to-length ratio, and
the two three-cell structures used for combination may have
the same or different center cell.

Furthermore, If h(x) is the learned weak classifier, the
weights of positive and negative samples are updated as fol-
lows:

Wt+l,i:Wt,ieXp(_yiht(xi))

W1 » W, 18 the weight of sample x; after and before update
respectively. Such updating will give misclassified examples
more weight, and the updated weights will be used for the
next stage training.

Although a weak classifier included in one stage of a cas-
cade classifier is described above and obtained by the method
according to the second embodiment of the present invention,
it is only a example, and the method according to the second
embodiment of the present invention also can be applied to
generate other type of classifier.

FIG. 11 is a block view illustrating the apparatus for gen-
erating an object classifier for an image region according to
the second embodiment of the present invention, wherein the
image region includes at least one two-cell structures, and
each two-cell structure is composed of a center cell and a
neighbor cell which is one of eight cells around and adjacent
to the center cell in the image region.

The apparatus 1100 may comprises a feature space calcu-
lating unit 1101 configured to calculate the feature space for
the image region by applying the method according to the first
embodiment of the present invention to each of the at least one
two-cell structure included in the image region, and a gener-
ating unit 1102 configured to generate the object classifier
based on the determined feature space.

Preferably, the generating unit 1102 may comprises a
determining unit 11021 configured to determine a specific-
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cell structure feature of the image region based on the calcu-
lated feature space using a heuristic algorithm, wherein the
specific-cell structure feature corresponds to a specific-cell
structure which is obtained from the at least one two-cell
structures and is a N-bit binary values, the value of each bit
corresponding to a two-cell structure feature descriptor of one
two-cell structure included in the specific cell structure,
wherein the object classifier is generated from the specific-
cell structure feature; and wherein N is larger than or equal to
1.

Preferably, the determining unit 11021 may comprises a
two-cell structure feature selecting unit 110211 configured to
select a first number of two-cell structure feature descriptors
with low training error from the calculated feature space; a
three-cell structure feature generating unit 110212 configured
to generate a second number of three-cell structure features
with low training error from the selected first number of
two-cell structure features; and a specific cell structure fea-
ture determining unit 110213 configured to determine the
specific-cell structure feature based on the second number of
three-cell structure features.

Preferably, the three-cell structure feature generating unit
110212 may further comprise a unit 1102121 configured to
calculate a three-cell structure feature from two two-cell
structure feature descriptors in the selected first number of
two-cell structure feature descriptors, the two two-cell struc-
ture feature descriptors respectively corresponding different
two two-cell structures with the same center cell and different
neighbor cell, so as to obtain a plurality of three-cell structure
features, wherein each of the plurality of three-cell structure
features is a two-bit binary value, each bit corresponding to a
two-cell structure feature descriptor used for calculating the
three-cell structure feature, and wherein the second number
of three-cell structure features with low training error are
selected from the plurality of three-cell structure features.

Preferably, the specific-cell structure feature determining
unit 110213 may further comprise a three-cell structure fea-
ture combining unit 1102131 configured to combine any two
three-cell structure feature which do not correspond to the
same three-cell structure included in the second number of
three-cell structure features to obtain a plurality of combined
cell structure features, wherein the feature of one combined
cell structure feature is a four-bit binary value, each bit cor-
responding to the two-cell structure feature descriptor of one
of the two two-cell structure feature descriptors included in
one of the corresponding two three-cell structure feature, and
a selecting unit 1102132 configured to select a combined cell
structure feature with lowest training error from the plurality
of' combined cell structures as the specific-cell structure fea-
ture.

[Good Effect]

Since the method according to the second embodiment of
the present invention utilizes the method according to the first
embodiment of the present invention to determine the feature
descriptor of a two-cell structure and thereby obtain a final
specific-cell structure feature, therefore, the method accord-
ing to the second embodiment of the present invention actu-
ally utilizes both of discrimination of HOG and simplicity of
comparison features, the computation speed and discrimina-
tion of the obtained feature will be improved.

Furthermore, the method according to the second embodi-
ment of the present employs a heuristic search procedure,
instead of an exhaustive search method commonly used for
Haar-like features or HOG features, to efficiently select a
proper feature for the training of a weak classifier.
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[Third Embodiment]

As described above, Training and detecting are two main
procedures in the detection of object in an image. On the
premise that a classifier has been obtained, the classifier will
be used to detect the object in the image.

A common implementation of the detecting procedure for
an input image will be described. The input image is scaled to
seek object of different sizes. Then, each scaled image from
the top left to the bottom right are scanned with rectangular
sliding windows, and each sliding window is classified as
object or non-object using the trained classifier. The classifi-
cation is usually performed stage by stage, and thus the detec-
tion is also usually performed stage by stage. When the slid-
ing window is classified (detected) as object in a stage, the
classification will be terminated, otherwise, the sliding win-
dow will be classified (detected) in next stage, until the sliding
window is classified as object.

Hereinafter the method for detecting object in an image
region according to the third embodiment of the present
invention will be described with reference to FIG. 12. Please
note that such method usually corresponds to a process for a
stage.

Instep S1201 (hereinafter to be referred to as input step), an
image region to be detected is input.

In step S1202 (hereinafter to be referred as detecting step),
it is detected whether there exists an object to be identified in
the image region by applying the classifier generated by the
method according to the second embodiment of the present
invention.

Please note such detection is usually based on a strong
classifier in a stage which is composed by at least one weak
classifier, and the weak classifier may be obtained by the
method according to the second embodiment of the present
invention. That is, the term “classifier”” hereinafter sometimes
may mean a strong classifier composed of a set of weak
classifiers, and the description hereinafter is based on such
basis.

The detection based on a classifier may be implemented in
any manner well known in the prior art. Hereinafter the pro-
cess in S1202 will be described in detail with reference to
FIG. 13, and the process is described based on LUT classifier.
Please note that the process hereinafter is only an example,
not intended to limit.

In step S1301 (hereinafter to be referred as feature obtain-
ing step) a feature of the image region to be identified is
obtained according to the generated classifier.

In particular, the process of feature obtaining step (S1301)
may determine the specific-cell structure in the image region
to be identified corresponding to the object classifier with
reference to attribute information thereof and obtain the fea-
ture of the specific-cell structure as the feature of the image
region, wherein, the attribute information of the object clas-
sifier is information on two-cell structures included a cell
structure corresponding to the object classifier, the informa-
tion on a two-cell structure comprising combination informa-
tion of the two-cell structure, the position information of the
cells included in the two-cell structure, and the information
on the bin of the cells included in the two-cell structure in
which the histogram of oriented gradients is calculated. Gen-
erally, the position information may comprise coordinates of
the upper left corner of the cell.

More specifically, according to the information corre-
sponding to the classifier, the specific-cell structure in the
image to be identified corresponding to the cell-structure of
the classifier as well as information of each two-cell structure
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therein is determined, the information may includes the com-
bination sequence of the two-cell structure as well as its
position and related bin.

Based on such information, the feature of the image region
to be identified can be calculated rapidly via integral images
in both PC system and embedding system.

Firstly, the statistics of gradients between two cells
included in each two-cell structure are compared to obtain
two-cell structure features, and each comparison gives a
binary result.

Secondly, according to the combination the sequence, the
two-cell structure features are combined into three-cell struc-
ture feature and thereby obtain the feature of the specific-cell
structure as the feature of the image region to be identified,
which is a 4-bit LAB HOG value.

In step S1302 (hereinafter to be referred as comparing
step), the feature is further processed according to the classi-
fier and the value obtained thereby is compared with a corre-
sponding threshold by the classifier so as to identify whether
there exists an image to be identified in the image region.

More specifically, according to the LUT of each weak
classifier, we can further process the calculated LAB HOG
feature so as to obtain a corresponding real value confidence
as corresponding output of the weak classifier. Then we accu-
mulated those outputs of weak classifiers in current stage, and
then form the output of the stage strong classifier. Please note
that the process can be similarly implemented for any other
type of classifier, that is, for any other kind of classifier, the
calculated LAB HOG feature would be further processed
according the classifier to obtain a value corresponding to the
type of the classifier, and then value of each of at least one
weak classifier would be combined to obtain an output value
of a stage

We compare the output value of a strong classifier in the
stage with the threshold T of the strong classifier calculated in
step 504. If the output is less than the threshold T, the cascade
classifier will classity the input sub-window as non-human
and reject it, or will pass the sub-windows to next stage.

FIG. 14 is a block view illustrating the apparatus for iden-
tify object in an image region according to the second
embodiment of the present invention.

The apparatus 1400 may comprise an input unit 1401 con-
figured to input an image region to be identified, and an
identifying unit 1402 configured to identify whether there
exists an object to be identified in the image region by apply-
ing the classifier generated by the method according to the
second embodiment of the present invention.

Preferably, the identifying unit 1402 may comprise a fea-
ture obtaining unit 14021 configured to obtain a feature of the
image region to be identified according to the generated clas-
sifier; and a comparing unit 14022 configured to compare
value obtained by processing the feature according to the
classifier with a corresponding threshold so as to identify
whether there exists an image to be identified in the image
region.

Preferably, the feature obtaining unit 14021 may be further
configured to determine a specific-cell structure in the image
region to be identified corresponding to the object classifier
with reference to attribute information thereof and obtain the
feature of the specific-cell structure as the feature of the image
region, wherein the attribute information of the object classi-
fier is information on two-cell structures included a cell struc-
ture corresponding to the object classifier, the information on
a two-cell structure comprising combination information of
the two-cell structure, the position information of the cells
included in the two-cell structure, and the information on the
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bin of the cells included in the two-cell structure in which the
histogram of oriented gradients is calculated.

[Good Effects]

The above methods in the prior art and the method in the
present invention are summarized in table 1. The accuracy
and the efficiency of those methods are based on the results
reported in their papers.

TABLE 1

Method comparison

Method feature learning accuracy efficiency
Document2 HOG SVM High Low
Document3 HOG Adaboost No obvious Improved
improvement
Document4 APCF Adaboost Improved No obvious
improvement
Document 5 JROG Adaboost No obvious Improved
improvement
Our LAB Adaboost Improved No obvious
HOG improvement

The features mentioned before are summarized in table 2.

TABLE 2

Feature comparison

Feature form discrimination Computation speed
HOG Vector High, due to the Low, the
statistics of normalization step
gradients significantly increases
the computation cost
especially for the
embedding system
Joint Continuous High, due to the High, few division
HOG value statistics of operations during the
gradients normalization step
APCF/ Discrete Higher, due to Higher, no
JROG value rich elements inthe normalization step is
granular space required
Our Discrete Highest, utilize Higher, no
LAB value both the statistics of normalization step is
HOG gradients and rich required

elements in the cell
space

In addition, it is possible to carry out the method and
apparatus of the present invention in many ways. For
example, it is possible to carry out the method and apparatus
of the present invention through software, hardware, firm-
ware or any combination thereof. The above described order
of'the steps for the method is only intended to be illustrative,
and the steps of the method of the present invention are not
limited to the above specifically described order unless oth-
erwise specifically stated. Besides, in some embodiments, the
present invention may also be embodied as programs
recorded in recording medium, including machine-readable
instructions for implementing the method according to the
present invention. Thus, the present invention also covers the
recording medium which stores the program for implement-
ing the method according to the present invention.

Although some specific embodiments of the present inven-
tion have been demonstrated in detail with examples, it
should be understood by a person skilled in the art that the
above examples are only intended to be illustrative but not to
limit the scope of the present invention. It should be under-
stood by a per son skilled in the art that the above embodi-
ments can be modified without departing from the scope and
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spirit of the present invention. The scope of the present inven-
tion is defined by the attached claims.

What is claimed is:

1. A method for generating an object classifier for at least
one image region, wherein each image region in the at least
one image region includes at least one two-cell structures, and
each two-cell structure is composed of a center cell and a
neighbor cell which is one of eight cells around and adjacent
to the center cell, the method comprising:

feature space calculating step for calculating a feature 10

space by applying a descriptor generation method for
generating a two-cell structure feature descriptor for
each of the at least one two-cell structure included in
each of the at least one image region; and

generating step for generating the object classifier based on

the determined feature space,
wherein the descriptor generation method comprises:
calculating step for calculating statistics of gradients in the
center cell and the neighbor cell respectively; and

comparing step for comparing the calculated statistics of
gradients in the center cell and the neighbor cell, so as to
obtain atwo-cell structure feature descriptor for describ-
ing the feature of the two-cell structure,

wherein the two-cell structure feature descriptor is one bit

binary value, and

the generating step further comprises:

determining step for determining each of at least one spe-

cific-cell structure feature for the at least one image
region based on the calculated feature space using a
heuristic algorithm, wherein the specific-cell structure
feature is a N-bit binary value, N corresponding to the
number of two-cell structure feature descriptors consti-
tuting the specific-cell structure feature and the value of
each bit in the N-bit binary value corresponding to one of
N two-cell structure feature descriptors o included in the
specific cell structure;

wherein the object classifier is generated from at least one

specific-cell structure feature; and

wherein N is larger than or equal to 1.

2. The method according to claim 1, wherein the center cell
and the neighbor cell of the two-cell structure have the same
or different width-to-length ratio.

3. The method according to claim 1, wherein the statistics
of gradients is a value of a bin in the histogram of oriented
gradients calculated in a cell.

4. The method according to claim 1, wherein N=4, and the
determining step further comprises:

two-cell structure feature selecting step for selecting a first

number of two-cell structure feature descriptors with
low training error from the calculated feature space;

three-cell structure feature generating step for generating a

second number of three-cell structure features with low
training error from the selected first number of two-cell
structure features; and

specific cell structure feature determining step for deter-

mining the specific-cell structure feature based on the
second number of three-cell structure features.

5. The method according to claim 4, wherein the three-cell
structure feature generating step further comprises:

three-cell structure feature calculating step for calculating

a three-cell structure feature from two two-cell structure
feature descriptors in the selected first number of two-
cell structure feature descriptors, the two two-cell struc-
ture feature descriptors respectively corresponding to
two different two-cell structures with the same center
cell and different neighbor cell, so as to obtain a plurality
of three-cell structure features,
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wherein each of the plurality of three-cell structure features
is a two-bit binary value, each bit corresponding to a
two-cell structure feature descriptor used for calculating
the three-cell structure feature, and

wherein the second number of three-cell structure features

with low training error are selected from the plurality of
three-cell structure features.

6. The method according to claim 5, wherein the specific-
cell structure feature determining step further comprises:

three-cell structure feature combining step for combining

any two three-cell structure feature included in the sec-
ond number of three-cell structure features to obtain a
plurality of combined cell structure features,
wherein the feature of one combined cell structure feature
is a four-bit binary value, each bit corresponding to the
two-cell structure feature descriptor of one of the two
two-cell structure feature descriptors included in one of
the corresponding two three-cell structure features, and

selecting step for selecting a combined cell structure fea-
ture with lowest training error from the plurality of com-
bined cell structures as the specific-cell structure fea-
ture.

7. A method for identifying object in an image region,
comprising:

input step for inputting an image region to be identified;

identifying step for identifying whether there exists an

object to be identified in the image region by applying
the classifier generated by the method according to
claim 1.

8. The method according to claim 7, wherein the identify-
ing step further comprises:

feature obtaining step for obtaining at least one feature of

the image region to be identified according to the gen-
erated classifier;

comparing step for comparing a value obtained by process-

ing the at least one feature according to the classifier
with a corresponding threshold of the classifier so as to
identify whether there exists an object to be identified in
the image region.

9. The method according to claim 8, wherein the feature
obtaining step further includes determining at least one spe-
cific-cell structure in the image region to be identified corre-
sponding to the object classifier with reference to attribute
information thereof and obtaining the features of the at least
one specific-cell structure as the features of the image region,

wherein, the attribute information of the object classifier is

information on two-cell structures included a cell struc-
ture corresponding to the object classifier, the informa-
tion on a two-cell structure comprising combination
information of the two-cell structure, the position infor-
mation of the cells included in the two-cell structure, and
the information on the bin of the cells included in the
two-cell structure in which the histogram of oriented
gradients is calculated.

10. The method according to claim 8, wherein the position
information comprises coordinates of the upper left corner of
the cell.

11. An apparatus for generating an object classifier for at
least one image region, wherein each image region in the at
least one image region includes at least one two-cell struc-
tures, and each two-cell structure is composed of a center cell
and a neighbor cell which is one of eight cells around and
adjacent to the center cell, the apparatus comprising:

feature space calculating unit configured to calculate a

feature space by using a descriptor generation for gen-
erating a two-cell structure feature descriptor for each of
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the at least one two-cell structure included in each of the
at least one image region; and

generating unit configured to generate the object classifier

based on the determined feature space,

wherein the descriptor generation apparatus comprises:

calculating unit configured to calculate statistics of gradi-

ents in the center cell and the neighbor cell respectively;
and
comparing unit configured to compare the calculated sta-
tistics of gradients in the center cell and the neighbor
cell, so as to obtain a two-cell structure feature descrip-
tor for describing the feature of the two-cell structure,

wherein the two-cell structure feature descriptor is one bit
binary value, and

the generating unit further comprises:

determining unit configured to determine each of at least

one specific-cell structure feature for the at least one
image region based on the calculated feature space using
a heuristic algorithm, wherein the specific-cell structure
feature is a N-bit binary value, N corresponding to the
number of two-cell structure feature descriptors consti-
tuting the specific-cell structure feature and the value of
each bit in the N-bit binary value corresponding to one of
N two-cell structure feature descriptors o included in the
specific cell structure;

wherein the object classifier is generated from at least one

specific-cell structure feature; and

wherein N is larger than or equal to 1.

12. The apparatus according to claim 11, wherein the cen-
ter cell and the neighbor cell of the two-cell structure have the
same or different width-to-length ratio.

13. The apparatus according to claim 11, wherein the sta-
tistics of gradients is a value of a bin in the histogram of
oriented gradients calculated in a cell.

14. The apparatus according to claim 11, wherein N=4, and
the determining unit further comprises:

two-cell structure feature selecting unit configured to

select a first number of two-cell structure feature
descriptors with low training error from the calculated
feature space;

three-cell structure feature generating unit configured to

generate a second number of three-cell structure features
with low training error from the selected first number of
two-cell structure features; and

specific cell structure feature determining unit configured

to determine the specific-cell structure feature based on
the second number of three-cell structure features.

15. The apparatus according to claim 14, wherein the three-
cell structure feature generating unit further comprises:

three-cell structure feature calculating unit configured to

calculate a three-cell structure feature from two two-cell
structure feature descriptors in the selected first number
of two-cell structure feature descriptors, the two two-
cell structure feature descriptors respectively corre-
sponding to two different two-cell structures with the
same center cell and different neighbor cell, so as to
obtain a plurality of three-cell structure features,
wherein each of the plurality of three-cell structure features
is a two-bit binary value, each bit corresponding to a
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two-cell structure feature descriptor used for calculating
the three-cell structure feature, and wherein the second
number of three-cell structure features with low training
error are selected from the plurality of three-cell struc-
ture features.
16. The apparatus according to claim 15, wherein the spe-
cific-cell structure feature determining unit further com-
prises:
three-cell structure feature combining unit configured to
combine any two three-cell structure feature included in
the second number of three-cell structure features to
obtain a plurality of combined cell structure features,
wherein the feature of one combined cell structure fea-
ture is a four-bit binary value, each bit corresponding to
the two-cell structure feature descriptor of one of the two
two-cell structure feature descriptors included in one of
the corresponding two three-cell structure features, and

selecting unit configured to select acombined cell structure
feature with lowest training error from the plurality of
combined cell structures as the specific-cell structure
feature.

17. An apparatus for identifying object in an image region,
comprising:

input unit configured to input an image region to be iden-

tified;

identifying unit configured to identify whether there exists

an object to be identified in the image region by applying
the classifier generated by the apparatus according to
claim 11.

18. The apparatus according to claim 17, wherein the iden-
tifying unit further comprises:

feature obtaining unit configured to obtain at least one

feature of the image region to be identified according to
the generated classifier;

comparing unit configured to compare a value obtained by

processing the at least one feature according to the clas-
sifier with a corresponding threshold of the classifier so
as to identify whether there exists an object to be iden-
tified in the image region.

19. The apparatus according to claim 18, wherein the fea-
ture obtaining unit further includes a unit configured to deter-
mine at least one specific-cell structure in the image region to
be identified corresponding to the object classifier with ref-
erence to attribute information thereof and obtain the features
of'the at least one specific-cell structure as the features of the
image region,

wherein, the attribute information of the object classifier is

information on two-cell structures included a cell struc-
ture corresponding to the object classifier, the informa-
tion on a two-cell structure comprising combination
information of the two-cell structure, the position infor-
mation of the cells included in the two-cell structure, and
the information on the bin of the cells included in the
two-cell structure in which the histogram of oriented
gradients is calculated.

20. The apparatus according to claim 19, wherein the posi-
tion information comprises coordinates of the upper left cor-
ner of the cell.



